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The problem of quantification of dance response

Perhaps one of the most important end products of a dance work is how it
affects its observers (typically its audience, but also the dancers and
choreographers). Of the many ways of discussing and analysing dance, one
approach in its infancy is quantification. Our research involves combining
continuous response techniques and human response methods to see if we
can tease out relationships between continuous, quantitative evaluative
responses and the more qualitative choreographer intentions. The aim of this
paper is to describe how evaluative responses can be quantified at all, then
how they can be related to an unfolding dance work, and finally, how we can
isolate ‘meaningful’ or ‘significant’ or ‘reliable’ evaluations of a dance work
from those which are no more than a spurious set of not-very-useful numbers
presented under the guise of a valid assessment.

For some, quantification immediately brings to mind the necessary limitations
that are not so apparent in more qualitative investigations. For example,
quantitative research in general has been accused of being reductionist,
difficult to define, and having limited application (Cutcliffe & McKenna, 2002;
Howe, 2004; Hanson, 2008). These issues form part of the ongoing debates
on epistemology, and are far from a conclusive resolution. The choice of
method often comes down to the preference and adventurousness of the
investigator, as well as political motives (Paul & Marfo, 2001). However, one
of the important criticisms of quantitative approaches to dance research is that
dance unfolds in time, making the collection of data too simplistic if it suggests
that an entire dance can be reduced to a number. Technology has allowed us
to make some progress beyond this limitation. For example, in music
perception there have been concerted efforts to measure continuous



responses as a piece of music unfolds (Schubert, 2001), and in dance
research there are a growing number of studies that examine dancer positions
in time as a dance work unfolds using motion capture hardware and software
(Calvo-Merino, Glaser et al., 2005; Brown, Martinez et al., 2006; Calvo-
Merino, Jola et al., 2008; Stevens, Schubert et al., 2009). These continuous
data provide new potential for quantitative analysis, offering different
perspectives to the more traditional approaches of understanding dance.

Measuring responses to dance continuously

Responses to dance have been collected continuously in response to dance
works in some recent studies (Stevens et al., 2007; Vincs et al., 2007). These
have focused on affective and evaluative responses. Affective responses may
consist of rating the amount of happiness or sadness expressed by the dance,
the amount of arousal or sleepiness and so on. Typically, a rating scale is
presented on a computer screen or hand held portable interface, such as a
PDA (Stevens, Schubert et al., 2009). The observer of the dance moves an
interface, such as a stylus pen or mouse, along the rating scale to best reflect
the emotion expressed by the dancer, dancers, or the overall dance
environment. What they actually evaluate, and the rating scales themselves,
are defined and described before the assessment task begins. For example,
they may be asked to move the slider to the top of a vertical scale if the dance
work is expressing a high level of arousal, and to the lower part of the slider if
sleepiness or restfulness appears to be expressed from the point of view of
the observer.

Measuring level of engagement

Another approach is to measure the level of engagement with the dance,
where the observer is rating the dancers on a scale that spans from ‘engaged’
at one end to ‘not engaged’ at another. In one of our recent studies, the
participants were provided with the following definition of engagement:

compelled, drawn in, connected to what is happening, interested in what will
happen next.
(Vincs, 2007)

With rating scales, observers can interpret this definition as they wish and
then on the rating scale rate the degree to which they believe they are being
engaged. So, how do we know that each observer is using an identical
interpretation of the definition (in this case, definition of engagement)? And
even if they did, how do we know that the observers agree on the level of
engagement at each point in time throughout the dance work? We will argue,
that there exist relatively simple (in addition to some more complex quite
sophisticated) methods of dealing with the second question. As for the first
question, part of the answer is that we do not know whether people are
applying an identical definition of, in this case, engagement. However, if the
level of agreement, the second question, were found to be good, then we
might conclude that the definitions used across participants for ‘engagement’
were at worst related, and at best identical. From a psychological perspective,
we are able to proceed without such precise knowledge, because in
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psychological, perceptual research we assume that some error is present, as
we shall see below. And this imprecise definition places us in no worse a
position than qualitative approaches to the question of how people respond to
dance works.

Imagine, then, that a number of observers are watching a dance work while
making continuous engagement responses to the same dance work, and that
they did so using the continuous response apparatus described above, with
the above instructions for rating the engagement of the dance. While we have
conducted such a study (e.g. see Vincs, 2007), we discuss the approach in
general terms here in an attempt to describe an alternative way of measuring
variation in response, and consequently the level of agreement.

Analysing continuous responses

When an observer makes their engagement response continuously, the
resulting data make up a time series, consisting of a stream of numbers, each
number representing the engagement level at each point in time. We can plot
this time series, and examine the shape of the plot then compare it with
sections of the dance through analysis of the video of the same performance,
or inspection of choreographic notes, or both. The actions occurring at
different levels of engagement can then be further inspected. Simplistically,
dance movement at peak levels of engagement may be examined, and trough
(low) levels may also be identified, with a view to asserting how a dance work
could be made more or less engaging. We do not recommend such an
approach if for no other reason than that it articulates one of the potential
foibles associated with quantitative data — reductionism. Nor is it the intention
of cognitive science to necessarily influence the choreographer’s artistic
approaches and decisions. We know more about the complexities of how a
response might be related to a potentially causal dance action. For example,
the context of the section of the dance, or a response set off by a contrasting
section may be a contributor to the high engagement that was thought to be
causally related to the dance motion occurring at the time of the response.
Further, the observer has memories and expectations that further affect
response (Calvo-Merino, Grezes et al., 2005; Calvo-Merino, Grezes et al.,
2006) just as they do when listening to music (Granot & Donchin 2002;
Tillmann, Janata et al., 2003). One way this can be investigated in quantitative
data is by analysing the ‘serial correlation’ in the data — looking at whether
parts of the engagement response at one point in time can be predicted by,
for example, combinations of previous points in time. We will not focus on this
issue, although it has been discussed elsewhere (Box, Jenkins et al., 1994;
Schubert, 2002). However, even with these techniques, we still cannot be
certain that a second observer will respond with the same set of complex
patterns (i.e. the same time series).

Spread of response scores at each moment in time

The approach we have taken to address this reliability of response issue is to
examine the variability of engagement scores at each point in time across all
the participants who provided their engagement responses to the same dance
work. If the variability is small, we assume that there is a high level of
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agreement between the observers at that point in time (good reliability).
However, large levels of disagreement will indicate that the response at that
point in time was not reliable (for reasons such as differences in mood, age,
gender, economic, social and cultural backgrounds), and any assertions or
interpretations about the level of engagement at that point in time in relation to
the choreography should be treated with caution. The method of examining
variability of scores at each point in time is a simplification we consider
necessary to begin to understand what contribution quantitative techniques
can make to dance response. But even so, two issues need to be considered
here — how to measure the amount of spread of scores at each response
moment, and then how to interpret them.

Statistical methods present us with several ways of measuring the spread of
scores. One commonly used method is to calculate the standard deviation;
this is a method that we have adopted recently (Schubert, Vincs et al., under
review). However, in the present paper we will speculate on interquartile
values because they provide greater validity and are conceptually simpler
than the ubiquitous standard deviation. Indeed, researchers in music
perception working with continuous response to music have recently adopted
the interquartile method for calculating spread of scores (Korhonen, Clausi et
al., 2006; Grewe, Nagel et al., 2007). Interquartiles are simply a collection of
all the responses made at a given point in time, sorted in ascending numerical
order, and then grouped into four sections. So, for example, on a scale of 0 to
100, where 100 is the highest level of engagement possible on the scale, and
0 the lowest, let us assume that at the twentieth second of the dance, eight
participants have their sliders in the following positions (in ascending order):
60, 65, 75, 75, 75, 75, 85, 90. The lowest score at that point in time is 60 and
the highest 90. The bottom quarter of responses (two out of the eight) consist
of the scores 60 and 65. The next quarter of responses (the next two out of
the eight) are 75 and 75. Therefore the lower interquartile value is the
boundary between these two quartiles, which is 70 (the value in between 65
and 75). The highest interquartile value is 80, the value falling between 75
and 85 (separating two scores of 75, and the two high scores [upper quartile]
of 85 and 90). This is a very simple system for reporting the spread of scores.
According to this method, the larger the difference between the upper and
lower quartile, the larger the spread of scores. In the present example the
interquartile distance at the 20" second of the dance is 10 (= 80-70)
‘engagement units’. This measure is called the interquartile distance, and is
analogous to standard deviation, but requires a simpler calculation, and does
not make the assumptions that the standard deviation calculation makes
(which we will not discuss here, but see, for example, Haslam & McGarty,
2003).

We then need to decide what interquartile distance is too large to be able to
assume good agreement. The decision is dependent on several parameters,
including the number of observers making the responses. The more
observers, the better the estimate of the underlying interquartile distance. We
can then apply non-parametric statistical analyses (for example Siegel &
Castellan, 1988) to assess whether the distance is too great to be considered
indicative of good agreement among respondents. We are interested in

© 2009 E. Schubert, K. Vincs & C. Stevens
Dance Dialogues: Conversations across cultures, artforms and practices



determining whether we can empirically determine some rule of thumb for
determining a good level of agreement or significance of response — which is
at the core of our research interest. Finding such a solution (or principle for
solving it) will provide a quantitative technique with a reasonably objective
way of measuring when participants’ responses are reliable, and
subsequently when sections of dance can be asserted as eliciting reliable
levels of engagement.

Causes of variability in responses

Finally, we speculate on some of the causes of this variability (poor reliability)
in response. There are several factors that contribute to variation within a
single participant’s responses: their familiarity, mood, personality can all affect
their response each time they perform the task (for example, if rating the
engagement of an audio/video recording of the same performance on several
occasions). It should be evident that these variables can be different across
different observers as well, even when observing the same dance at the same
time. The level of concentration on the task is another variable. It is unlikely
that an observer will be ‘on task’ for an entire performance: they may be
focused on the performance but forget to rate the engagement on the
computer, or not feel like rating the engagement, or be reconfiguring their
definition of engagement, or simply be resting/unfocussed. These issues will
be prevalent for long duration pieces, perhaps even performances longer than
a few minutes. The evidence for this comes from the variability in deviation
scores over time that we have found in our own data (which in statistical terms
is referred to as heteroskedasticity).

If we wish to capture responses to long performances some compromises
must therefore be made. So, for the longer performances, these losses in
responses might be compensated by a larger number of observers. For
example, if we had 100 observers, and observer one went off-task for several
seconds, the 99 other responses in that period of time would ensure a
negligible effect on the overall ratings. Nevertheless, this moving in and out of
focus may be reflected in the deviation scores, and have some accumulation
among participants. If many people are not focused on the task at the same
time, we may expect larger deviation scores (larger interquartile distance)
over those periods of time. We may not be certain whether the large
deviations are due to error (the fluctuations indicating how on-task the
observers are) or because there is some ‘true’ lack of agreement in the rated
engagement. Deviation scores should therefore be modelled as ‘signal’
deviation and ‘error’ deviation, where signal corresponds to ‘true’ agreement,
and error to ‘off-task’ and other non-task related issues).

Future research will determine how these statistical principles can be applied
to address questions in dance perception that have until now been largely
monopolised by qualitative introspection and retrospection. By developing
quantitative techniques with application to the temporal arts, we are hoping to
build up a richer picture of how dance works are perceived by the population
represented by the observing participants.
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Conclusions

Deviation scores provide great opportunities in analysing and understanding
responses to dance. Even applying the simplest techniques, including time
series plots of standard deviations (Vincs, Schubert et al., in preparation), or
as described in this paper, the interquartile time series can instantly provide a
bird’s eye view of how agreement in response fluctuates from moment to
moment. From this we are able to determine a new order of information that a
moment by moment mean-response time series could not tell us — the
reliability of the responses. We therefore argue that by incrementally applying
more sophisticated analytic techniques of time series analysis the otherwise
complex field of time series will provide new insights into how responses to
dance can be quantitatively investigated. Some of these increasingly
sophisticated approaches have been applied to continuous response to music
(Schubert, 2001) and should easily translate to the dance medium.

Among the temporally based arts, the methods described here have mainly
been applied in the past to music perception and production (Meyer & Palmer,
2003; Palmer & Pfordresher, 2003; Highben & Palmer, 2004). Sophisticated
statistical approaches have led to new insights into responses, such as lag
structure (the time delay between an action in the dance work and a reaction
in the response), and the variability in the time at which a response is made
after some causal event (Schubert & Dunsmuir, 1999). In addition, the results
can be compared with post performance data collection techniques or more
qualitative approaches. We see great potential in applying these
complementary and converging techniques in various dance environments to
add to our depth of understanding of this complex, temporal art form.
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